AA2024 and AA6061 aluminum alloys were fabricated using the friction stir welding technique to improve the tensile properties such as ultimate tensile strength (UTS) and tensile elongation (TE). The Box-Behnken design matrix with four significant factors-rotational speed (X(1)), welding speed (X(2)), axial load (X(3)), and pin shape (X(4)), each having three levels-was used with response surface methodology to develop a mathematical model. The experiments yielded ultimate tensile strength of 141 MPa at 12% tensile elongation. The obtained tensile properties of fabricated weld joints were low when compared to those of base materials. Several voids and pinholes were found, these being the consequence of poor tensile properties on the fabricated weld joints. Therefore, to maximize the tensile properties, two computational approaches were employed: a genetic algorithm and a simulated annealing algorithm. The main objectives of applying these computational approaches were: (1) to maximize the UTS and TE compared to the welding performance value of the experimental data and regression modeling; (2) to estimate the optimal process parameter values that must be within the obtained range of the minimum and maximum values; and (3) to evaluate the number of iterations generated by the computational approaches. The results show that use of the computational approaches resulted in significant improvement in the tensile properties. Comparing the genetic algorithm with the simulated annealing algorithm, the latter maximizes the tensile properties of fabricated AA2024 and AA6061 aluminum alloy weld joints; however, a considerable number of iterations and substantial amount of time was required to achieve a global optimal solution.
and maximized the traverse speed of friction stir welding process using a genetic algorithm. Zhou et al. (2013) optimized the heat input and heat loss rates of backing plate for FSW using a genetic algorithm.
In FSW, very few attempts have been identified that apply meta-heuristics approaches especially to AA2024-T3 and AA6061-T6 aluminum alloys using the FSW technique. Therefore, in the present study, two metaheuristic approaches-the genetic algorithm (GA) and the simulated annealing (SA) algorithm-have been applied to improve the tensile properties of FS welded AA2024 and AA6061 aluminum alloys.
EXPERIMENTAL PROCEDURES 2.1. Experimental Plan
In this study, the Box-Behnken experimental design (BBD) was selected for conducting the experiment. The BBD does not contain any points at the vertices of the cubic region created by the upper and lower limits for each variable. This could be advantageous when the points on the corners of the cube represent factor-level combinations that are prohibitively expensive or impossible to test because of physical process constraints (Montgomery 2013) . A total of 30 welding experiments was conducted based on low, medium, and high levels in the welding design space. Trail experiments are conducted to determine the feasible range of process factors. The determined feasible working limits are considered as low, medium, and high levels based on the BB design matrix are presented in Table 1 .
Experimental details
A computerized friction stir welding machine was used to fabricate the weld joints of aluminum alloys of AA2024-T3 and AA6061-T6 materials. T3 indicates that the AA2024 alloy is solution heat treated, cold worked, and naturally aged to a substantially stable condition. T6 denotes that the AA6061 alloy is solution heat treated and artificially aged. (ASM International. Handbook Committee. 1990 ). The chemical composition and mechanical properties of AA2024 and AA6061 aluminum alloys are presented in Table 2 . Table. 1 Levels of process parameters based on BBD design matrix Each sample is 300 mm in length × 150mm width × 6.25 mm thickness. Figure. 1 shows the setup of the FS welding process and position of the AA2024 and AA6061 aluminum alloys. SKD-61tool material was used for fabricating the rotating tools. Welding speed(mm/min) X(2) F 30 60 90 3
Axial load(kN) X (3)  P  3  6  9  4 Pin Shape X(4) PS 1(Tap) 2(Squ) 3(Cyl)
The steel in the tool is a chromium-molybdenum hot-worked air-hardened steel. The material displays good wear resistance, elevated-temperature strength, and thermal fatigue resistance (S. Lomolino et al. 2005) . The fabricated FSW tools are presented in Figure 2 . Test pieces were prepared from the welded samples to estimate the Table. 2 Chemical composition and mechanical properties of AA2024 and AA6061 aluminum alloy joint strength and metallographic composition. The obtained mechanical property results of UTS and TE are presented in Table 3 . During the tensile test, a ductile mode of fracture was observed at weld interface for most of the fabricated weld samples. A photograph of the fabricated tensile specimen and its dimensions are displayed in Figure 3 (a) and 3(b). These samples were further subjected to metallurgical characterization using a scanning electron microscopic examination (SEM) to examine the weld defects and for validation of mode of fracture. Figure. 4 shows the SEM images of the fractured zones. 
Developing a mathematical model for UTS and TE
In this study, a second order polynomial regression model that includes linear, interactive, and square terms was developed using the response surface method (RSM) to establish a relationship between the input process variables such as rotational speed X(1), Welding speed X(2),Axial load X(3),and Pin shape X(4) and tensile properties (UTS and TE) for the present fabrication process of AA2024 -AA6061 aluminum alloy FSW. RSM provides a reasonable distribution of data points throughout the region, allows model adequacy, including lack of fit, to be investigated, and provides internal estimate errors and model coefficients (Montgomery 2013) . The tensile properties of friction stir welded samples are a function of input process variables; therefore, mathematically the response surface can be written as:
The second order polynomial regression equation used in this study was: 
where β o is the average of responses and β i, β ii, and β ij are the coefficients that depend on the respective main and interaction effects of the parameters, and  is a statistical error. These coefficients of a polynomial equation were determined using Design Expert version 8 statistical software. The obtained coded form of the mathematical model of the predicted UTS and TE is:
Ultimate tensile strength (UTS) = ˗ 902.25563+1.03486 ×X(1) +3.33452 ×X(2) +12.33048 ×X(3) +32.16226 ×X(4) -0.000386 ×X(1)×X(2) +0.075167 ×X(2)×X(4) -0.000299 ×X (1) Table 4 . The error in the obtained predicted model value was calculated with the cumulative error within ± 5%. The predicted welding conditions by RSM are then used for further comparisons to the GA and SA algorithm results.
Formulation of objective toward genetic and simulated annealing algorithm 3.1. Genetic algorithm
Although numerous investigations have revealed the features of various meta-heuristic algorithms, the genetic algorithm plays a significant role in determining the optimal region when the problem become complex. The genetic algorithm is most likely to converge a solution nearer to the optimal region; therefore, many real time problems can be solved using this algorithm rather than conventional optimization techniques. GA works to evolve a solution across a large number of generated population points by selecting randomly from the described set of probalistic rules to yield a maximum UTS and TE, whereas traditional optimization techniques search for a solution based on hill climbing methods, which may result in local optima. The GA requires five fundamental steps, as: 1. Initial chromosome population -randomly generate an initial chromosome population according to the process parameter constraints. 2. Chromosome representationdecoding the genes (floating numbers), namely rotational speed (N) , welding speed (F), axial load (P), and pin shape (PS). 3. Prediction of mathematical modelwith the specified bounds of process parameters evolving, the mathematical model uses RSM for the UTS and TE. 4. Determination of fitness functiondetermine the fitness function for all chromosomes and obtain the maximum fitness function (fit max ). 5. Genetic operatorsif the obtained fitness fit max ≤ fit required , then re-select or reorder the crossover and mutation to select the new chromosome population set and go back to step 2 or stop. Figure 5 presents a graphical representation of the process flow of the genetic algorithm (GA). 
Simulated annealing algorithm
The annealing process is used in metal working that involves heating the metal to a high temperature so that the atoms in the molten state move freely with respect to each another, and then letting the molten metal cool gradually to attain a minimum stable energy state. Metropolis et al. (1953) proposed an approach for cooling molten metal to reach a new energy state. Based on the Metropolis criterion,a simulated annealing (SA) algorithm was developed to obtain a stable solution from the complex problem. It is a random search technique that is not trapped in a local minimum by using a probability function as follows:
Where T is temperature, K b is the boltzman constant, and E is the value of energy at a given annealing step. SA is used for minimizing or maximizing the objective function in multivariate functions. The simulated annealing with the hill climbing characteristic can find the global minimum and maximum more efficiently than the trapped local minimum or maximum where the objective function has surrounding barriers. The simulated annealing algorithm procedure by simulating the annealing process solves the minimization or maximization objective problem. The algorithm begins with an initial point f 1 (UTS, TE) and a high temperature T. Then,a second point f 2 (UTS, TE) is determined based on the Gaussian distribution, and the difference beween f 1 and f 2 called ΔE of these points is calculated. Suppose if the second point (f 2 ) is smaller than the first point (f 1 ), then that point is accepted based on the probability exp (-ΔE / T). This completes one iteration of the simulated annealing procedure. The algorithm is repeated until a small temperature is obtained or a small enough function value is obtained. Figure 6 presents a graphical representation of the SA algorithm process flow. The main objective of this study is to maximize the tensile properties (UTS and TE) of friction stir welded AA2024 and AA6061 aluminum alloys.Therefore, similar to the GA, the RS developed regression model was considered to be a fitness function for the optimization solution. These algorithms (GA and SA) have applied into two ways namely single objective optimization and multi objective optimization in order to demonstrate the feasible selection of optimum parameters.
Single objective optimization using GA and SA
In the present investigation, a single objective optimization (SOO) for maximizing tensile properties (UTS and TE) of friction stir welded AA2024-AA6061 aluminum alloys within the prescribed set of bounds is presented. Therefore, the standard mathematical format for the maximization of tensile properties can be stated as: The MATLAB optimization toolbox was used in order to attain optimum values for UTS and TE by varying various genetic operator combinations. The critical operators involved in GA are population type, initial size of population, fitness scaling, scaling function, mutation rate, and crossover function. Similarly, the preferred SA operators for obtaining an optimal parameter selection are annealing function, re-annealing interval, temperature update function, and acceptance probabilistic function. The GA and SA operators and their setting values used for the GA and SA algorithm in the present study are presented in Table 5 (a) and 5(b). Several trials were conducted to reach an optimum value from the local optima obtained from RSM. Figure 7 (a), 7(b), 7(c), 7(d) show that the convergence plot and their corresponding UTS results of single objective optimization (SOO) of GA and SA. Similarly, the trails were conducted to reach optimum tensile elongation of SOO of GA and SA. Table 6 presented the results of the converged values provide SOO of GA and SA.
Multi-objective Optimization using GA and SA
For the multi-objective optimization (MOO) for the friction stir welded AA2024-AA6061 aluminum alloys, the following equation was developed.
Max (Z 1 ) = 1 ( ) + 2 ( )
Where 1 , 2 are the corresponding weight values assigned to each UTS and TE and the UTS max and TE max are the maximum values of UTS and TE. The UTS max and TE max values are the corresponding GA and SA results through single objective optimization. The weighting values were assigned equally to both responses (i.e., w 1 = w 2 = 0.5), so 1 + 2 = 1. This weight depends upon the designers and the significance of the process and process variables. The developed multi-objective equation is:
MOO (UTS + TE) = -6.04364+ 0.007419 × X(1) + 0.01638 × X(2) + 0.03133 × X(3) + 0.31702 × X(4) -1.36952e-06 × X(1) × X(2) + 2.06137e-05 × X(1) × X(3) -6.1841e-05 × X(1) × X(4) + 0.000266 × X(2) × X(4) -2.21043 e-06 × X(1) 2 -0.0001206 × X(2) 2 -0.0060639 × X(3) 2 -0.061731 × X(4) 2 (10) Figure 8 (a) and 8(b) ˗ 9(a) and 9(b). .8 (a), 8(b) Multi-objective Fig. 9(a) , 9(b) Multi-objective optimization optimization (MOO) results of GA (MOO) results of SA
Fig

RESULTS AND DISCUSSION
In this section, the results are presented in two sections: results based on the RS model and results based on the evolutionary algorithms. These results are discussed below:
Results and discussion based on the RS Model
From the regression model, the effects of each process variable-rotational speed, welding speed, axial load and pin shape on UTS and TE of friction stir welded AA2024-AA6061 aluminum alloys were evaluated. A graphical representation of process variables on UTS and TE is presented in Figure 10 (a) and 10(b) -13(a) and 13(b). Some other causes of reduction in joint strength on the fabricated weld joints are discussed below. Figure 10(b) present the surface plot of rotational speed and welding speed on tensile elongation of FS welded AA2024 and AA6061 aluminum alloys. An increase in rotational speed enhances intense clustering of strengthening precipitates, especially on the thermo mechanically zone (TMAZ), heat affected zone (HAZ), and weld nugget zone (NZ) (N. Shanmuga Sundaram and Murugan 2010) , and the effect of rising localization of strain lowers tensile elongation on the stir zone. Moreover, a low or high rotational speed causes numerous voids and pinholes on the stir zone resulting in a poor quality weld on fabricated weld joints, as shown in Figure  4 (a) and 4(b). It is understand that the combined effect of defect formation, such as voids and cavities and coarsened grain, results in poor tensile strength on the fabricated aluminum alloys of AA2024-AA6061 aluminum alloys. Fig.11 (a) and 11(b) Surface plot of Welding speed, Axial load vs Ultimated tensile strength, Tensile elongation Figure 11 (a) present the surface plot of welding speed and axial load on UTS. It can be seen that by increasing the welding speed from 30mm/min to 60 mm/min, the tensile strength of the weld joints is increased. Beyond 60 mm/min, a gradual drop of UTS was observed. This is because a lower welding speed exerts high frictional heat that results in coarse grain precipitates on the stir zone (N. Shanmuga Sundaram and Murugan 2010) . Higher welding speed encourages faster cooling thereby resulting in inadequate material flow contributing to formation of cavity defects. These cavities reduced UTS drastically on the stir zone. A similar phenomenon was observed by Singh et al. (2014) on AA6082-T651 aluminum alloy. A superior quality of weld was obtained with welding speed of 60 mm/min. Figure 11 (b) present the surface plot and contour plot of welding speed and axial load on TE. A high tensile strength was obtained with a welding speed of 60 mm/min for a rotating tool equipped with square pin. A similar observation was made by R. Palanivel and Mathews (2012) on AA5083 aluminum alloys. The increase in welding speed discourages the clustering of fine strengthening precipitates, localizing strain; therefore, the TE increases (N. Shanmuga Sundaram and Murugan 2010; Yang et al. 2012) . Figure 4(c) shows a ductile fractured surface with fine dimples evidencing a higher TE on the stir zone. Figure 12 (a) present the surface plot of rotational speed and axial load on UTS. The increase in axial load (3 kN to 6kN) combined with rotational speed (1500 rpm to 1700 rpm) encourages the UTS. At higher axial load together with rotational speed (above 1700 rpm),the tensile strength decreases. The axial force varies depending on the tool rotational speed, which means that when the rotational speed increases, the effect of axial force characteristics on the stir zone significantly decreases. This is due to the decrease in material flow stress at elevated temperatures; hence, at higher axial force and rotational speed, the UTS on the stir zone is discouraged. The fabricated rotating tools having three major pin shapes: cylinder (1), square (2) and taper (3). The primary role of the rotating tool pin is to stir the plasticized metal and move it behind to exhibit a good bonding between the similar or dissimilar joint. Figure 13 (a) and 13(b) present the surface plot of rotational speed and pin shape on ultimate tensile strength and tensile elongation, respectively. The joints fabricated by the square pin shape (2) have higher tensile properties (UTS and TE). Figure 4 (e) shows a sample fabricated using a square pin tool. Its characteristics are due to the difference in dynamic orbit created by the eccentricity of the rotating tool in the FSW process. The relationship between the static volume and dynamic volume determines the path for the plasticized material flow from the leading edge to the trailing edge of the rotating tool. This ratio is equal to 1.56 for square, 1.21 for hexagon, and 1.11 for octagon pin profiles. These pin profile advances a pulsating stirring action on the flowing material due to flat faces. As the number of flat faces increase, the amount of material around the rotating pin decreases. This clearly improves weld quality on TMAZ (Elangovan and Balasubramanian 2008; Ramanjaneyulu et al. 2013; Vijay and Murugan 2010 
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Results and discussion based on evolutionary algorithms
The optimization results for GA and SA of SOO and MOO are compared with the experimental RS predicted results. The results obtained from the GA and SA algorithm agree well with the RS predicted results. Moreover, when comparing GA with SA, the SA algorithm reached a more accurate global optima than the GA. The results of GA and SA are presented in Table 6 . The GA and SA results effectively improved the tensile properties when performing a single objective optimization, whereas they were not as effective in the multi-objective optimization. The positive and negative signs indicate the percentage rise and drop of UTS and TE, respectively, comparing with the RSM experimental results. It is evidence, therefore, that single objective optimization is more efficient for the present AA2024 and AA6061 aluminum alloy FS welding process than multi-objective optimization using the evolutionary approach. Meanwhile, if both tensile properties (UTS and TE) and product quality are more desirable, then the percentage deviation of single objective optimization of each UTS and TE value will be compromised; therefore, multiobjective optimization is desirable. Moreover, when comparing two evolutionary algorithms such as GA and SA, the SA algorithm is predicting the global optima solution efficiently in both SOO and MOO. However, SA takes many iterations to achieve global optima, so that it is consuming more iteration time compared to GA iteration time. This is evident from Table 7 , which shows the number of iterations for each algorithm.
The optimal parameter setting for the MOO results using the GA and SA algorithms were validated by the predicted RSM mathematical model to establish tensile properties (UTS and TE). These validated results are presented in Annex -I. The SA algorithm yields 141.4571 MPa of UTS and 12.56% of TE, which is slightly higher than these measures for the GA results. It can be concluded, therefore, that the SA algorithm is a trendy evolutionary approach to improve the tensile properties (UTS and TE) of FS welded AA2024-AA6061 aluminum alloys.
CONCLUSION
In this study two evolutionary approaches, the GA and SA algorithms, are proposed to improve the tensile properties (UTS and TE) of FS welded AA2024 -AA6061 aluminum alloys. Four important FSW process parameters-rotational speed, welding speed, axial load, and pin shape-are considered to establish global optimum parameters. The results of this investigation are summarized below: 1. The obtained tensile properties of UTS and TE are lower than the base materials of AA2024 and AA6061 aluminum alloys. Table 6 , it can be seen that the GA and SA evolutionary approaches are very effective in finding global optima solutions.
3. The single optimization technique (SOO) of GA and SA is more effective than the multi-objective optimization (MOO) of GA and SA. 4. The percentage of deviation results indicate that the SOO-GA and SOO-SA are more effective, whereas if both properties (UTS and TE) are to be improved simultaneously, the deviation between the SOO and MOO of GA and SA will be compromised.
Overall, from the obtained results, we conclude that the SA algorithm is the best suited algorithm for simultaneous maximization of tensile properties of FS welded AA2024 -AA6061 aluminum alloys when compared with those of GA. However, the SA approach requires more time for the iterating process, so the algorithm also requires more time for computation when compared to the GA approach to achieve the desirable tensile properties.
